A central goal in ecology is to grasp the mechanisms that underlie and maintain biodiversity and patterns in its spatial distribution can provide clues about those mechanisms. Here, we investigated what might determine the bacterioplankton richness (BR) in lakes by means of 454 pyrosequencing of the 16S rRNA gene. We further provide a BR estimate based upon a sampling depth and accuracy, which, to our knowledge, are unsurpassed for freshwater bacterioplankton communities. Our examination of 22 669 sequences per lake showed that freshwater BR in fourteen nutrient-poor lakes was positively influenced by nutrient availability. Our study is, thus, consistent with the finding that the supply of available nutrients is a major driver of species richness; a pattern that may well be universally valid to the world of both micro-and macro-organisms. We, furthermore, observed that BR increased with elevated landscape position, most likely as a consequence of differences in nutrient availability. Finally, BR decreased with increasing lake and catchment area that is negative species-area relationships (SARs) were recorded; a finding that re-opens the debate about whether positive SARs can indeed be found in the microbial world and whether positive SARs can in fact be pronounced as one of the few 'laws' in ecology.
Introduction
A primary goal of microbial ecology is to understand the distribution of microbial diversity. To study this distribution, the diversity of microbial organisms needs to be adequately measured. Microbial communities have, however-for methodological shortcomings-been hitherto grossly undersampled, leaving the rare taxa unseen (Curtis and Sloan, 2005; Curtis et al., 2006; Woodcock et al., 2006) . As a consequence thereof, reliable estimates of microbial richness have remained difficult to obtain. Novel high-throughput sequencing technologies might, though, provide the tools necessary to dip into this 'rare biosphere' (Pedros-Alio, 2006 Sogin et al., 2006) and to explore microbial diversity to a greater acuity and depth. Yet, greater insight into the extent of microbial diversity might enable microbial ecologists to employ and test established (macroecological) theories of biogeography and community assembly. For at present, there is a vivid debate on whether or not microbial diversity shows explainable patterns of spatial distribution comparable to those of macro-organisms (Fenchel, 2003; Martiny et al., 2006) , such as the relationship between species richness and ecosystem productivity (for example, Waide et al., 1999; Mittelbach et al., 2001; Cardinale et al., 2009) or the relationship between the number of species in a given area and the size of that area (species-area relationship, SAR) (for example, Arrhenius, 1921; Gleason, 1922; Rosenzweig, 1995) .
At the bottom of this debate on the spatial distribution of microbial diversity lies the endeavour to grasp the underlying mechanisms. It is, by now, generally accepted that microbial diversity and its distribution are governed by a complex interplay of both local and regional drivers (for example, Martiny et al., 2006; Logue and Lindströ m, 2008) . Lakes provide a unique object of research to investigate the relative roles of these drivers, in that their distinct boundaries enable a clear discrimination between dynamics acting from within and from without the ecosystem. Further, recognising lakes as integral components of a region, lake ecologists have begun to implement a basic tenet of landscape ecology, namely that the spatial position of an ecosystem within a landscape influences the properties of that very system. In doing so, Kratz and colleagues (Kratz et al., 1991 (Kratz et al., , 1997 Webster et al., 1996; Soranno et al., 1999; Magnuson and Kratz, 2000; Riera et al., 2000) developed the concept of lake landscape position. One of the metrics used so far to define a lake's position in a landscape is lake chain number (LCN), which measures lake landscape position with respect to lakes connected along a linear chain through primarily surface-flow systems (Soranno et al., 1999) .
The relative importance of local and regional drivers for microbial diversity is, however, poorly understood (Logue and Lindströ m, 2008) and only very few (Yannarell and Triplett, 2005; Crump et al., 2007; Nelson et al., 2009 ) have turned their attention to the role of a lake's position within a landscape. Besides, bacterioplankton biogeography studies have primarily focused on b-rather than on a-diversity. Thus, the general goal of the present study is to investigate local and regional mechanisms and their respective relevance for driving local bacterioplankton richness (BR) (a-diversity). We hypothesise that BR increases with (i) nutrient availability, (ii) lake area (LA) and catchment area (CA) and (iii) LCN. Regarding hypothesis (i), it has been shown that the availability of and the ratio between nutrients together with the efficiency by which species capture these and convert them into biomass, explain productivity-diversity patterns (Cardinale et al., 2009) . Pertaining to hypothesis (ii), the theory of island biogeography (MacArthur and Wilson, 1967) predicts that larger habitat areas support a greater number of species (that is, a positive SAR). An increase in habitat area is assumed to lead to an increase in the likelihood of immigration, to a decrease in the probability of extinction, and to an increase in habitat heterogeneity; all considered drivers of biological diversity. Moreover, the likelihood of immigration into a local community (that is, the lake) from the regional species pool (that is, the catchment) might be elevated with an increase in CA. Hence, both lake and CA are used as proxies for the size of a habitat for bacterioplankton communities. As to hypothesis (iii), it has been shown that the position of a lake within a landscape can dictate the lake's hydrological, geomorphological, and biological properties (for example, Kratz et al., 1997) ; properties all of which have the potential to influence BR. Thus, with shifts in the relevance of hydrological flowpaths, geomorphological, and biological characteristics, BR might change in dependence of LCN.
Furthermore, nutrient availability is thought to increase with increasing CA and CAs become bigger the further down a lake is in a lake chain. Therefore, increasing LCN and therewith-related increases in CA and nutrient availability might yield an increase in BR on the grounds of a positive SAR and productivity-diversity relationship, respectively. Both, the productivity-diversity relationship and the SAR have been reported for microbial communities (Horner-Devine et al., 2003 Green et al., 2004; Bell et al., 2005; Reche et al., 2005; van der Gast et al., 2006; Smith, 2007 ), yet none of these studies addressed these relationships by means of high-throughput sequencing technologies and, thus, were able to capture microbial richness to the extent necessary to provide adequate estimations thereof (Curtis and Sloan, 2005; Curtis et al., 2006; Woodcock et al., 2006) . Hence, to investigate our hypotheses, we surveyed 14 Swedish lakes sharing origin and climate, using 16S rRNA gene pyrosequencing data.
Materials and methods
Study sites and sampling A total of 14 lakes were included in the sampling campaign, all being drainage lakes and situated in the Å nnsjön-area of Jämtland, Sweden (Figure 1) . Eight, respectively five, lakes are, in each case, part of a distinct lake chain, both of which converge in Lake Ö ster-Noren (Ö N).
Sampling took place on 30 and 31 August 2007, when lakes were entirely mixed. Depth-integrated water samples were taken either at the centre of the lake or no o300 m off shore. Depth-integrated sampling was conducted as follows: water was collected every 1 2 , 1, 2, 3, or 5 m over the entire water column, depending on the lake's water depth at the site of sampling. Mixed on site, water samples were subsequently divided into two subsamples: one for water chemistry and one for bacterial abundance and richness analyses. Subsamples were kept cold and in the dark for 1-8 h until further processing in the laboratory.
Lake and CAs were determined and calculated using ArcGIS 9.2 (Environmental Sciences Research Institute, Redlands, CA, USA).
Chemical analyses and bacterial abundance Chemical analyses. Water chemistry samples were returned cold to the laboratory, whereupon they were divided anew into subsamples. Chemical analyses of total phosphorus (Tot-P), total nitrogen (Tot-N), total organic carbon (TOC) and the ratio between the absorbance measured at 250 nm and at 365 nm (A 250 /A 365 ) were performed as described previously by Logue and Lindströ m (2010) . Despite all lakes being highly oligotrophic in nature (TotPo10 mg l À1 , Tot-No0.5 mg l À1 ), Tot-P and Tot-N concentrations nevertheless varied distinctively amongst the study lakes with factors 3.4 and 8.4, respectively (see Supplementary Table SI1) .
Bacterial abundance. A 20-ml subsample was preserved in formaldehyde (final concentration: 4% wv À1 ) and bacterial abundance was subsequently enumerated by epifluorescence microscopy of acridine-orange-stained cells (Hobbie et al., 1977) . Bacterial numbers are based on counts of at least 400 cells in a minimum of 20 microscopic fields.
Nucleic-acid extraction, PCR and 454 pyrosequencing Bacterioplankton cells were collected onto 0.2 mm. membrane filters (Supor-200 Membrane Disc Filters, 47 mm; Pall Corporation, East Hills, NY, USA), filtering 0.2 l of pre-sieved (225 mm mesh size) lake water. Pre-sieving was carried out to avoid capturing larger particles, such as zooplankton, and did not significantly alter bacterioplankton abundances. Filters were placed into sterile cryogenic vials (Nalgene, Rochester, NY, USA) and stored immediately in liquid nitrogen for transportation to the laboratory, where they were finally kept at À80 1C.
Nucleic-acid extraction. Nucleic-acid extraction was performed following the protocol #3 of the Easy-DNA kit (Invitrogen, Carlsbad, CA, USA) with an extra 0.2 g of 0.1 mm zirconia/silica beads. Extracted nucleic acids were sized and quantified by means of agarose (1%) gel electrophoresis, GelRed staining (Biotium Inc., Hayward, CA, USA) and ultraviolet transillumination. BSA (New England Biolabs, Ipswich, UK) and finally 5-10 ng of extracted nucleic acid. Thermocycling (DNA Engine (PTC-200) Peltier Thermal Cycler; BioRad Laboratories, Hercules, CA, USA) was conducted with an initial denaturation step at 95 1C for 5 min, followed by 25 cycles of denaturation at 95 1C for 40 s, annealing at 53 1C for 40 s and extension at 72 1C for 1 min, and finalised with a 7-min extension step at 72 1C. Four technical replicates were run per sample, pooled after PCR amplification and purified using the Agencourt AMPure XP purification kit (Beckman Coulter Inc., Brea, CA, USA). Nucleic acid yields were checked on a fluorescence microplate reader (Ultra 384; Tecan Group Ltd, Männedorf, Switzerland) employing the Quant-iT PicoGreen dsDNA quantification kit (Invitrogen). Finally, PCR amplicons were pooled in equal proportions to obtain a similar number of 454 pyrosequencing reads per sample. Life Sciences) at the Norwegian High-Throughput Sequencing Centre, University of Oslo (NSC; Oslo, Norway; http://www.sequencing.uio.no), using Titanium chemistry.
Sequence analyses
Pyrosequence noise filtering and chimera removal were carried out employing a modified version of the PyroNoise flowgram-clustering algorithm (i.e. AmpliconNoise) as described in Quince et al. (2011) . Making use of an in-house Perl (http://www.perl. org) script (Andersson et al., 2010) , pyrosequencing reads not matching bar-code and/or primer sequences and shorter than 350 bp were further removed and primer sequences subsequently trimmed from both the beginning and the end of each 'good' read. Pyrosequencing reads were thereupon truncated at 350 bp, removing further noise, which is thought to increase towards the 3 0 end of a pyrosequencing read (Mardis, 2008) . After extracting all non-redundant 454 pyrosequencing reads, these were aligned using the Aligner tool from the RDP's Pyrosequencing Pipeline (http://pyro.cme. msu.edu). Aligned sequences were then clustered into operational taxonomic units (OTUs) at a level of 97% sequence identity, employing the Complete Linkage Clustering tool from the RDP's Pyrosequencing Pipeline. Again, using the in-house Perl script, each 454 pyrosequence was BLASTN (Altschul et al., 1997) searched against a local BLAST database, which comprised 600 316 unique bacterial 16S rRNA gene sequences longer than 1200 bases with good Pintail score downloaded from RDP (v10.22). BLASTN searching was performed using default parameters. 454 pyrosequencing reads have been deposited in the National Center for Biotechnology Information Sequence Read Archive under accession number SRP005457.
Data analyses
For statistical data analyses, sampling efforts (number of sequences obtained per sample) were normalised across the 14 samples because sampling efforts were not equally distributed and samples with the highest number of sequences are expected to yield comparatively higher richness estimates. Normalisation was performed through re-sampling and richness estimates were computed from 22 669 sequences that were randomly drawn from each sample.
BR was estimated using Chao1, ACE and a Bayesian parametric richness estimator (according to Quince et al., 2008 ). Yet, the richness estimators yielded concurrent results, thus only results for Chao1 are given, which was computed as
where S obs is the observed number of taxa and F i the number of taxa with exactly i individuals.
To test for relationships between BR and LCN, LA, CA, and the environment, Spearman's rank correlations were carried out. For use in the correlation analyses, the environmental data-set was first analysed by principal component analysis so as to distil most of the variation of each individual environmental parameter into one single environmental predictor variable (principal component (PC) 1). The environmental parameters Tot-P, Tot-N, TOC, A 250 /A 365 (as a proxy for organic matter quality), and conductivity were, therefore, first log 10 -transformed (except for A 250 /A 365 , which was arcsin square-root transformed) and then transformed to z-scores (Legendre and Legendre, 1998) . PC 1 (strong loadings from Tot-P, Tot-N, and TOC) and PC 2 (strong loadings from A 250 /A 365 and conductivity) explained 54% and 28%, respectively, of the variation within the environmental data-set for all lakes. Only PC 1 was, though, included in the correlation analyses.
Specifically testing the prediction of island biogeography (MacArthur and Wilson, 1967 ) that larger habitat areas support a greater number of species (that is, a positive SAR) was conducted according to the power-law function generalised by Arrhenius (1921) and Gleason (1922) :
where S is the number of species, A is the size of the sampled area, c is an empirically derived speciesand location-specific constant (the intercept in loglog space), and z is a measure of the rate of turnover of species across space (the slope of the SAR). With regard to regression analyses, BR, LA, and CA were first log 10 -transformed. Moreover, to assess the independent effect of Tot-P, LCN, LA, and CA on BR, partial Spearman's rank correlation analyses were performed. The partial Spearman's rank correlation coefficient (r XY Á Z ) measures the degree of association between two variables (Y, X), while controlling for a third one (Z, constant variable).
To evaluate differences in BR and environmental characteristics (Tot-P, Tot-N, TOC, A 250 /A 365 , and conductivity) between lakes higher up in the landscape and those lower down, Wilcoxon rank sum tests were performed. To correct for multiple comparisons, sequential Bonferroni adjustments were carried out. Lake area was the criterion based upon which the grouping was carried out (Supplementary Table SI1 ). Thus, lakes higher up in the landscape include lakes of LCN one and two, whereas lakes lower down in the landscape comprise lakes of LCN three to six.
All statistical data analyses were conducted in R (R, 2008) to which a significance level of 0.05 was applied, unless otherwise stated (see Table 3 ).
Results

Bacterioplankton richness
In total, 567 093 pyrosequencing reads spanning the V3 and V4 region of the 16S rRNA gene were retrieved, of which 389 023 remained after the employment of AmpliconNoise and removal of chimeric and short (o350 bp) sequences that is between 22 669 and 30 465 'good' reads per lake (Table 1 ). The number of unique sequences for each lake ranged from 999 to 2364, with a grand total of 14 250 unique sequences. Grouping these into OTUs at a 97% sequence identity cut-off level resulted in 664-1677 OTUs per sample, with a total of 6309 OTUs (after normalisation, see Material and methods). Rarefaction analysis based on OTU clustering (97% sequence identity) suggests that a complete census of the richness in these bacterioplankton communities was not accomplished as the rarefaction curves did not yet reach the plateau phase (Figure 2) . Estimates of BR varied between 1097 and 4171 (Chao1) ( Table 1) .
BR, LCN, LA, CA, and the environment BR did not increase within increasing LCN in either of the two lake chains (Figures 3a and b) . In fact, BR decreased with increasing LCN (Spearman's rank correlations; r S1 ¼ À0.644, P 1 ¼ 0.061; r S2 ¼ À0.725, P 2 ¼ 0.103). In addition, the relationships between BR and LA (Figure 3c ) (Spearman's rank correlation; r S ¼ À0.785, P ¼ 0.001) and between BR and CA ( Figure  3d ) (Spearman's rank correlation: r S ¼ À0.543, P ¼ 0.048) were both significantly negative. The relationship between BR and the local environment (PC 1; strong loadings from Tot-P, Tot-N and TOC but see Material and methods for an in-depth description), on the other hand, was highly significant (Figure 3e ) (Spearman's rank correlation; r S ¼ 0.622, P ¼ 0.020). The relationship between BR and Tot-P was, too, highly significant with BR increasing with increasing Tot-P concentrations (Figure 3f ) (Spearman's rank correlation; r S ¼ 0.859, P ¼ 0.000) and exemplifies the general trend observed between BR and nutrient concentrations (Tot-N, r S ¼ 0.660; TOC, r S ¼ 0.701). Finally, the influence of Tot-P on BR remained significant when Figure 2 Rarefaction curves for the 14 lake bacterioplankton communities at a level of 97% sequence identity between 16S rRNA gene fragments, covering the hypervariable regions V3 and V4. The dashed line visualises the lowest sampling effort for which all samples were normalised during data analyses. Abbreviations of lake names are as in Table 1. controlling for LA, CA, and LCN (Table 2 ). Yet, the correlation between BR and LCN remained insignificant, whereas the correlations between BR and LA and between BR and CA became insignificant once controlling for Tot-P ( Table 2) .
The z-values for the SARs between BR and LA and between BR and CA were both negative (z LA ¼ À0.151, z CA ¼ À0.078), however, only the first was significant (P LA ¼ 0.004, P CA ¼ 0.059).
BR, landscape position, and the environment BR in lakes higher up in the landscape (lakes of LCN one and two) was significantly higher than that in lakes lower down in the landscape (lakes of LCN three to six) (Wilcoxon rank sum test; W ¼ 43, P ¼ 0.017). Moreover, several of the environmental parameters measured did also differ amongst these two groups (Table 3) .
Discussion
The ready application of novel high-throughput sequencing technologies, such as 454 pyrosequencing, has revealed a tremendous diversity within microbial communities (for example, Sogin et al., 2006; Galand et al., 2009; Andersson et al., 2010; Galand et al., 2010; Kirchman et al., 2010) and has lead to the discovery and coining of the ; strong loadings from Tot-P, Tot-N, and TOC but see Materials and methods for an in-depth description) and (f) Tot-P content. BR is given as the Chao1 richness indices. For visualisation of the relationships between BR and LA and BR and CA, BR, LA, and CA were log 10 -transformed. Open circles correspond to the lakes high up in the landscape (LCN of one and two), while filled circles refer to lakes lower down in the landscape (LCN of three to six). Abbreviations of lake names are as in Table 1. 'rare biosphere' (Pedros-Alio, 2006 Sogin et al., 2006) . Here, we investigated what might determine freshwater BR; that is, we explored the relative roles of regional (landscape position, lake and CA) and local (environmental properties) drivers for BR. BR was, therefore, assessed by means of 454 pyrosequencing. We recorded a highly significant relationship between BR and local lake environmental properties (Figure 3e ). Our results indicate that the availability of nutrients of these highly oligotrophic lakes (see Supplementary Table SI1 ) accounted for most of the variation detected in BR amongst the 14 study lakes (Figure 3f , see also SI2 for phyla-related patterns). The overall availability of limiting resources, such as Tot-P, Tot-N, TOC, and organic matter, is believed to be, in part, accountable for the relationship between productivity and species richness (see Cardinale et al., 2009) . Relationships between productivity and species richness have been reported repeatedly for plants and animals, yet the form of this relationship and the underlying mechanisms determining this apparent relationship remain elusive (for example, Mittelbach et al., 2001; Chase and Leibold, 2002; Pärtel et al., 2007) . However, species richness is, in general, hypothesised to first increase and then decrease with productivity, producing a hump-shaped relationship (Rosenzweig, 1995; Mittelbach et al., 2001) . Evidence from laboratory studies (Bohannan and Lenski, 1997; Kassen et al., 2000) and observations from field surveys (Fisher et al., 2000; Horner-Devine et al., 2003) indicate that microbial diversity can, too, be influenced by productivity. HornerDevine et al. (2003) observed that different microbial groups can differ in response to changes in productivity, exhibiting both unimodal and U-shaped relationships. The positive linear relationship between BR and nutrient availability found in our nutrient-poor study lakes (see Supplementary Table  SI1 ) might describe the positive, monotonically increasing phase located on the left side of the expected hump-shaped productivity-richness curve (Figure 3f ). Yet, to be able to draw conclusions about the generality of the productivity-diversity relationship across all groups of organisms, a greater number of microbial studies are needed that investigate this relationship over a wider range of trophic and temporal conditions.
Our results, furthermore, show that BR neither increased with increasing LCN nor with increasing LA or CA, in fact, it decreased along the lake chains (Figures 3a-d , see also SI2 for phyla-related patterns). This observation of negative SARs is a finding of particular interest, given that positive SARs are regarded to be one of the few general patterns in ecology (Lawton, 1999) . Even though it has been observed that SARs become less pronounced if the body size of the organism is small (Drakare et al., 2006) , a handful of previous studies have reported a positive SAR for microbial eukaryotes and bacteria (Green et al., 2004; Horner-Devine et al., 2004; Bell et al., 2005; Reche et al., 2005; van der Gast et al., 2006 ). Yet, it has to be assumed that this discrepancy in results between these and our study is very likely methodological in nature. Microbial richness estimates in the above-mentioned studies derived either from communityprofiling techniques (Green et al., 2004; Bell et al., 2005; Reche et al., 2005) , an approach heavily criticised for yielding results that have very little to do with the actual richness (Loisel et al., 2006; Blackwood et al., 2007) , or from 16S rRNA clone libraries (Horner-Devine et al., 2004) . Both, traditional cloning and sequencing and community profiling methodologies, however, markedly undersample communities (Curtis and Sloan, 2005; Curtis et al., 2006; Woodcock et al., 2006) and, thus, most likely provide less reliable richness estimates compared with the 454-pyrosequencing approach employed in our study. In fact, conducting additional analyses on our data based on richness estimations comparable to that of community-profiling methodologies (that is, employing relative abundance cut-off levels of 1% and 2%), yielded results more similar to those reported by the above-mentioned studies (data not shown). Yet, because Woodcock et al. (2006) have shown that greater sampling effort should yield more positive SARs and the fact that Freshwater bacterioplankton richness JB Logue et al we did not observe this indicates other mechanisms than those causing positive SARs to be of importance for BR in these lakes. Our results suggest that productivity is of greater importance for shaping BR in these oligotrophic lakes rather than are lake or CA. However, another possibility is that the scales employed in our study were not optimal to detect positive SARs. Drakare et al. (2006) showed that both the fit and the slope of the SARs investigated were scale-dependent and concluded that mechanisms underlying richness at different scales strongly affect the shape of a SAR. In our study, LA and CA spanned 2-3 and 3-4 orders of magnitude, respectively, which is similar to or even higher than that in previous studies that observed SARs for aquatic bacteria (Green et al., 2004; Horner-Devine et al., 2004; Bell et al., 2005; Reche et al., 2005; van der Gast et al., 2006) and comparable to work done on larger organisms (for example, Arrhenius, 1921; Gleason, 1922; Rosenzweig, 1995 (2006) , for instance, studied areas and volumes on a much smaller scale compared with the lake and CAs in our study. As microbes can be expected to function on rather small scales, it can be possible that the negative SARs in our study are a result of lake and CAs being too big to enable detection thereof. In any case, we observed a negative SAR at either scale, albeit we cannot say whether or not lake or CA are appropriate in describing the size of a microbial habitat, which possibly needs to be defined and studied at much smaller spatial scales. However, as our study excluded many of the methodological limitations of previous studies reporting positive SARs for microorganisms, it re-opens the debate about whether SARs can indeed be found in the microbial world and, thus, are indeed universally valid, applicable to all organisms from all domains of life. Contrary to our expectations, lakes higher up in the landscape (lakes of LCN one and two) had a significantly higher BR than lakes lower down (lakes of LCN three to six) (Table 3) . Local environmental properties (nutrient concentrations) behaved in a similar way, showing differences between the two groups of lakes (Figure 3f , Table 3 ). The finding that landscape position and local environmental conditions co-varied suggests that the landscape dictates environmental properties, which then directly structure local BR. The partial Spearman's rank correlation analyses further support this finding ( Table 2 ). The only exception to this general trend was Lake Bodsjö n, which had a high BR despite its location further down in the lake chain.
The application of high-throughput sequencing technologies, such as 454 pyrosequencing, to surveys of microbial diversity has revealed an enormous number of microbial taxa (for example, Sogin et al., 2006) . Yet, studies employing such technologies have almost exclusively been conducted assessing microbial communities in marine aquatic ecosystems (Sogin et al., 2006; Galand et al., 2009 Galand et al., , 2010 Andersson et al., 2010; Kirchman et al., 2010) . Thus, this study marks a first exploration of BR in natural freshwater systems, adopting a 454-pyrosequencing approach. As such, we found that a subsample of 200 millilitres of lake water can contain an average of 1009 unique bacterioplankton OTUs at a level of 97% sequence identity-a substantially higher figure compared with, for instance, the value of approximately 160 genomes from relatively nutrient-rich freshwater systems proposed by Ritz et al. (1997) in their classic experiments on DNA re-association kinetics. For comparison only, Galand et al. (2010) , Andersson et al. (2010) and Kirchman et al. (2010) detected on average 1721, 1510, and 962 bacterioplankton OTUs in marine and brackish aquatic systems, respectively. It should, however, be noted that all three covered the V6 region on the 16S rRNA gene, whereas we targeted the V3 and V4 regions. It has been shown that the choice of primers and other PCR conditions, such as amplicon length, polymerase, annealing temperature, or cycle number affected the estimation of microbial species richness (Liu et al., 2008; Engelbrektson et al., 2010; Wu et al., 2010) . Besides, none of the three studies mentioned above applied a method to account for pyrosequencing errors, such as AmpliconNoise (Quince et al., 2011) , and, hence, counteracted an overestimation of microbial species richness owing to 454 pyrosequencing (Quince et al., 2009; Reeder and Knight, 2009 ). These differences render a direct comparison difficult but nonetheless suggest that BR of marine and nutrient-poor freshwater systems can be similarly high. Finally, despite providing an estimate of BR based on a sampling depth and accuracy, which, to our knowledge, are unsurpassed for freshwater bacterioplankton communities, rarefaction analyses showed that the curves (Figure 2 ) did not approach an asymptote, indicating that more sequences need to be retrieved to census our microbial communities at large. However, because our statistical analyses are based on Spearman's rank correlation analyses, the actual richness estimates are not of importance with regard to the conclusions drawn here but rather the ranking amongst the samples. Therefore and because the individual rarefaction curves are, in general, well separated from each other in a way that extrapolating the curves would not produce a different ranking, we believe that the results obtained in this study would still be the same even if greater sequencing depths had been applied.
In conclusion, we found that BR significantly increased with increasing nutrient availability, indicating a dependency between richness and productivity. However, BR did neither increase with LCN nor with LA or CA. Thus, there is no indication of a positive SAR. Finally, BR was significantly higher in lakes higher up in the landscape compared with lakes further down, most likely because of higher nutrient concentrations in lakes higher up in the landscape. It, hence, seems as if the landscape or region leaves a mark on the local environmental characteristics of the lakes, which in turn exert great influence on local lake BR.
